Introduction
Medical computed tomography (CT) scanner produced 2D CT sequential images, which containing a large number of spatial relation information of the tissues and organs of the human body. From the current situation of medical finite element (FE) simulation and 3D printing technology, the original 2D image can not be effectively used for surgical analysis and planning. It must be preprocessed to generate the model in higher dimensional space, which can be used for high-fidelity simulation and 3D printing. Therefore, we need for analysis and processing these 2D CT images, and reconstruct the 3D model of the organ and tissue, providing an intuitive means of technology for high level simulation and surgical planning, improving the effectiveness and accuracy of the diagnosis and treatment for doctors. However, medical imaging, it is possible to produce anisotropic data where the slice resolution in z-direction is commonly lower than the imaging resolution in the x-y plane. In other words, in-plane resolution is only accurate to the pixel, whereas slices can be more pixels apart from each other. Therefore, CT scanning will produce sparse sampling data because of missing data between CT slices [7] . Then surface meshes extracted from sparse CT images contain surface artifacts, which will produce a serious distortion with regard to 3D medical surface reconstruction. 230 At present, there are two main categories for 3D reconstruction of medical tissue and organs: Volume rendering and Surface mesh rendering. There are mainly three kinds of Volume rendering algorithm: ray-casting [17] , cell projection [13] and the fast volume rendering algorithm [9] . The volume rendering method is shading processes to all of the volume data directly, maintains the details of the medical images, and achieves better render results. However, the virtual model formed by volume rendering can only be used for the naked eye observation, because of the meshes can not be generated, the method cannot be used for finite element analysis and 3D printing. Surface meshes rendering is further classified into three subcategories:
(1) extracting iso-surface algorithm for regular volume data, e.g., marching cubes (MC) algorithm [12] , marching tetrahedra (MT) algorithm [18] . The main drawback of the MC algorithm (or MT algorithm) is that it generates tremendously dense meshes and numerous narrow triangles. (2) Contour-based surface mesh reconstruction. e.g., contour stitching algorithm [14] . The surface meshes are formed by stitching the vertices of adjacent contours. There is branching problem that needs to be resolved. (3) Extracting explicit or implicit surface mesh algorithm from the point clouds, explicit method: e.g., Delaunay triangulation [4] , advancing front triangulation [5] , ball-pivoting algorithm [1] , and so on. Implicit method: moving least squares (MLS) algorithm [10] , level-set methods [20] , radial basis function (RBF) algorithm [15] , multi-level partition of unity (MPU) algorithm [16] .
The comparison of the above methods, MPU algorithm is very suitable for large datasets in medical imaging, because it uses an adaptive octree-based subdivision of the space to conform to local detail features adaptively. Furthermore, the reconstruction approximation errors can be controlled through the preference settings. Most important, the MPU implicit algorithm can reconstruct closed smooth implicit surface for non-uniform density of point clouds (or incomplete sampled data). So that MPU algorithm can fit a smooth surface over missing data between CT slices. However, Ohtake et al. [16] proposed MPU algorithm, which uses quadratic surface function to compute the local surface, less robustness, and prone to produce spurious sheets. Moreover, Ohtake et al. [16] adopted Bloomenthal's method [2] for triangulation of implicit surfaces, but it generated numerous narrow triangle meshes.
In this paper, a novel strategy that efficiently reconstructs smooth, adaptive meshes from large medical image datasets is presented. Our method is based on improved MPU implicit functions and improved dynamic particle systems. An overview of our approach to adaptive triangle mesh reconstruction is illustrated in Fig. 1 . As seen from Fig. 1 , we begin with a stack of closed contours by image segmentation. Point clouds are extracted from the set of contours. Then, implicit surfaces are reconstructed from point clouds. The implicit surface is sampled by using dynamic particle system. Finally, triangle meshes are generated from the particles through the Delaunay triangulation algorithm.
Point clouds preprocessing Contours extraction of CT images
In our implementation, medical images were segmented by using active contours without edges algorithm [3] . The algorithm contains the following advantages: (1) robustness to noise; (2) we can get a closed contour curve by image segmentation under any conditions. The key to the algorithm is to evolve an interface, which divides the image into two homogeneous regions. ( , , ) F c c C , defined by: 
where C is equivalent to the closed curve, In this work, we set the parameters as:
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t is the time step), for 100 iterations.
Point clouds extraction and normal estimation
To reconstruct medical implicit surface by implicit functions. There are required to obtain point clouds from CT images firstly [11] . We extract contours from CT sequential images, a single pixel of the contour as x, y coordinates in a 2D plane, calculating the z coordinate according to the slice number. Finally, we acquire 3D point coordinates and the contour points translate into 3D point clouds 
Medical implicit surface reconstruction MPU implicit functions
Given medical point clouds A global implicit function is defined by:
where a partition of unity function 
where A is a symmetric 33  matrix, b is a space vector, and c is a coefficient.
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where ( , , ) u v w are local coordinates, 16 ,, aa are unknown coefficients.
Improved MPU implicit functions
In the natural form of internal bones or organs do not have sharp features, so we need not consider the sharp features reconstruction, only the general 3D quadric (the first case) and the bivariate quadric polynomials (the second case) are utilized in our work. The original MPU algorithm can reconstruct 3D medical model, but the reconstructed model surface is not smooth and prone to produce spurious sheets. To improve the surface smoothness, we need to increase the order of the local fitting function. For the regular polynomial, the regular equation is often ill conditioned equation when in higher order condition. It cannot reconstruct the desired surface.
To solve the above problems, in our work, the orthogonal polynomials as the local fitting function instead of regular polynomial, and the polynomial order can adjust adaptively based on the actual situation in the local fitting process, and does not require the solution of equations, this strategy can avoid the ill conditioned equations.
Defining local coordinates ( , , ) u v w for each sub region, the center of the coordinates is the support center, ( , ) uv for the 2D local coordinates, w is the 2D orthogonal direction. Constructing orthogonal polynomial basis, let Calculating the orthogonal polynomials in the local coordinate system by using the orthogonal polynomial basis.
Due to
we have
where ( , , ) u v w are the coordinates of x in the new coordinates.
We use the Eq. (9) instead of the original Eq. (6) in our implementation.
Adaptive meshing of implicit surfaces Dynamic particle sampling based on Gaussian curvature
The dynamic particle system is one of the most used methods for implicit surface rendering, the implicit surface is sampled by using particle systems, according to the sample points to construct meshes to approximate the implicit surface, sampling quality directly affect the final quality of surface. Witkin et al. [19] proposed a method based on dynamic particle systems for sampling implicit surface, which constrain a set of particles on the surface, the repulsion force between the particles so that the particles are uniformly distributed on the surface, so as to achieve a uniform surface sampling. This uniform sampling can be a good triangulation result for simple surfaces, but it is not so practical for the complex medical surface model.
In order to get more reasonable sampling particles for complex surface, making in the region with dense particles sampling in the high curvature region, sparse particles sampling in the low curvature region, we introduce Gaussian curvature as the sampling constraints. Arbitrary points of the principal curvatures 1 k and 2 k can be calculated using Kindlmann's method [8] . We use Gaussian curvature 12 K k k  as a standard to measure the changes of surface. The definition of repulsion energy is only related to the distance between particles. The Gaussian curvature K is introduced to particle sampling. It is desirable that smaller energy of particles in the high curvature region, so that the distance between the particles is smaller. Similarly, the larger repulsion energy of particles in the low curvature region, the distance between the particles is larger.
Therefore, we define a weight coefficient to determine the size of repulsion energy function for each particle. The size of weight coefficient is inversely proportional to the repulsion energy between the particles.
The weight coefficients i  defined are as follows:
The new repulsion energy of the particle i after introducing a weight coefficient is defined as:
where ij E is the repulsion energy between particle i and particle j and  is repulsion radius with the change according to the local energy of the particle.
The velocity of particle movement i v by using the derivative of repulsion energy is:
The only value for repulsion radius of each particle is
, where S is the surface area, N is the number of particles in Witkin's method. In this paper, we set a threshold value i  for each particle's repulsion radius, so that the particles can be fissioning or killing particles dynamically depending on the size of the curvature
. The obvious change of surface curvature in the region of the particles, i  will become larger. At this time, the particle will continue to fission, produce smaller and more intensive distributed particles; otherwise it will stop fissioning. 235 
Triangulation
In order to triangulate a distribution of particles, we need geometry information about particles. The position of each particle is denoted as 
Experimental results
In this section, we show the results of our experiments with several methods. The proposed method has been implemented in VC ++ 6.0. Experiments were performed on a PC with a 2.53 GHz Intel Core (TM) i3 CPU and 2.0 GB of RAM. We evaluated our approach based on several medical CT datasets that include human first cervical vertebrae (C1 for short) and scapula (the large medical image datasets used in this experiment are from the Laboratory of Human Anatomy and Embryology, University of Brussels (ULB), Belgium). We used medical CT image slices of C1, as shown in Fig. 1 (Top left) , with an anisotropic voxel size of 0.352×0.352×0.5 mm. In our implementation, we set diameter factor 0.75
(the minimum number of points needed to be extracted in the subdivision) and radius factor 0.1
 
in the process of implicit surface reconstruction. At dynamic particle sampling stage, we set time step In Fig. 3a , a C1 implicit surface model has been sampled by means of dynamic particle sampling based on Gaussian curvature. The C1 model is sampling with 10103 particles. As shown zoomed region of C1 model, there are dense particles sampling in the high curvature region, sparse particles sampling in the low curvature region. Finally, generating high-quality triangle meshes from the particles through Delaunay triangulation algorithm [4] , as shown in Fig. 3b . Similarly, the scapula model is sampling with 25419 particles. We compare our results with MPU method, and the marching cubes algorithm (see Fig. 4 ). The MPU method can be generated numerous narrow triangle meshes and prone to generate spurious sheets. The triangle mesh density has achieved the voxel level by means of MC algorithm, the number of meshes is considerable. In addition, these meshes contain numerous narrow triangles. Our method can make the best of the characteristics of particle distribution in the process of triangulation. The high-quality triangle meshes can be distributed adaptively and have a nice gradation of 236 triangle mesh density on the surface curvature.
Our method MPU method Marching cubes Fig. 4 The scapula mesh model is generated by our method. Three zoomed regions of the scapula mesh models are generated using our method, the MPU method, and the Marching Cubes algorithm separately.
Conclusions
A novel method for generating smooth and adaptive meshes from large medical image datasets is proposed. Our method is a multi-stage process. Firstly, we extract the stack of contours by means of image segmentation. The contours translate into point clouds. The normals of each point can be estimated through PCA. Then, an improved MPU implicit function is applied to reconstruct the implicit surface. The implicit surface is sampled using dynamic particle sampling based on Gaussian curvature. Finally, the Delaunay triangulation algorithm is implemented to generate triangle meshes. Our method has been used for CT image datasets of C1 and scapula. Experimental results show that the proposed method can make the best of the characteristics of particle distribution in the process of triangulation and generate high-quality triangle meshes with distributed adaptively. In a further work, we will develop a mesh optimization algorithm for our method.
